Abstract. The aim of this paper is to propose an improvement of a method for the identification of the parameters of photovoltaic (PV) sources model. In a previously published paper the authors developed a single diode model in which characteristic parameters were estimated on the basis of solar radiation by using a robust least squares linear regression (LSR) parameter identification method. In this paper a more accurate temperature estimation is obtained, which includes the dependence on the wind speed. Moreover the dynamic behaviour, both in terms of thermal and electric constants, is considered. After the description of the adopted methodology a practical case of identification based on measured data is proposed.
Introduction
Nowadays the study of photovoltaic (PV) sources and the related problems of maximizing the generated power and predicting the plant's behavior in various environmental conditions, is showing a growing interest. Several papers dealing with the PV modeling have been published.
Recently the use of the so called "one diode" model to reproduce the static characteristic I-V has been consolidated [1] [2] [3] [4] [5] [6] [7] [8] , and it can be successfully obtained both on the basis of data given by manufacturer or obtained experimentally. Such a model can be utilized both for a single cell or PV module and for a whole plant in uniform conditions of solar radiation and temperature.
With such a model it is possible to set up an emulator as in [9, 10] that can be utilized to test power converters topologies and control strategies for photovoltaic sources [11, 12] , or to verify the goodness of maximum power point tracking algorithms [13 -15] .
The single diode model parameters depend on cell temperature and solar irradiance, so an accurate knowledge of both of them is necessary. In [6, 16, 17] a model in order to obtain the PV module temperature versus solar irradiance is proposed, in [17] and [18] a technique to obtain a dynamic model by determining the thermal constant and the equivalent capacitance at the output of the PV generator is described.
This paper proposes an improvement of the model presented in [19] by the same authors. In particular in the latter paper the temperature of the modules was tied only to solar irradiance and the model was static. In order to overcome these limitations a new relationship in which the PV source temperature depends on solar irradiance, wind speed and air temperature has been implemented. Moreover a dynamical model is obtained by evaluating the thermal constant and the electric constant. These results are obtained on the basis of experimental data and by using a robust linear regression to avoid the effect of ouliers in the calculus of least squares regressions (LSR).
The paper is organized as follows: in section II a description of the previously developed model of PV module is given; section III gives the fundamentals on the considered linear regressions; several thermal models are presented in section IV; section V deals with the electrical dynamic identification and section VI deals with the thermal dynamic identification; finally in section VII a discussion and the experimental validation are presented.
PV Source Electrical Model
The I-V curves of the model has been determined in [19] ; only the fundamentals are addressed here. The PV cell has a correspondent circuit model reported in fig. 1 . Since the presence of the recombination diode is relevant only at low voltage bias, the usual/common simplification of the circuit implements only one diode, so the following I-V equation is obtained [3] :
If the shunt resistor R p is neglected, the well known four parameter model is obtained [2] . This last simplification does not affect significantly the validity of the model. It should be noted that (1) is non-linear and implicit so its analytical solution is not practicable. 
The four parameters model needs four information to be identified. In fact by rewriting for simplicity I-V equation as follows: The four parameters to be identified are K 1 , K 2 , R s and I o . They can be obtained by the knowledge of the shortcircuit current (I sc ), the open circuit voltage (V oc ) and the maximum power point current and voltage (I mp and V mp ).
By substituting these parameters into (3) and imposing that the voltage derivative of the power is zero at maximum power point, the model parameters are obtained: The last equation has the form I sc =f(I sc ) and it could be solved by an iterative method; however the contribution of the exponential term is negligible because it contains a coefficient that corresponds to a reverse saturation current; as a consequence it can be assumed I sc = I o . It should be noticed that the obtained value of R s takes into account the connecting cables resistance if I mp and V mp are measured directly on the load.
As 
where V oc(stc) and I sc (stc) are the open circuit voltage and the short circuit current given by manufacturer under standard test conditions and ∆V T = -0.08 V/°C for the case under study. It should be noted that the V oc variation depends (weakly) on the temperature, on the contrary irradiance has a large effect on short circuit current.
It is also possible to achieve the values of V oc and I sc through off line measurements on the PV plant. The V oc can be obtained by a voltage measurement without the inverter; the measure of I sc is more difficult because it requires the short circuit condition. However by performing some measurement also the coefficients of (3) can be deduced.
As for V mp , I mp , they could be deduced by data logger. In the case under study the data logger acquires data each 10 minutes, the voltage and current when the inverter is running should correspond to V mp , I mp . By measuring data it is possible to obtain informations about the real characterization of the plant, including the series resistance represented by the cables that connect the photovoltaic generator to the inverter. To this aim it is necessary to manage data in order to discriminate the "noise" represented by undesired measurements.
In [19] the V mp , I mp values versus solar irradiance and temperature have been obtained through a robust linear regression. This is justified because the dispersion diagram of T versus G exhibits a linear trend with some outliers. The use of robust regression allows to avoid a bias in the straight curve.
With the robust LSR, the following equations for I mp and V mp have been obtained:
Linear Regressions
It is often necessary to obtain a mathematical relation between two (or more) variables. If (X 1 , X 2 ,…,X N ) and (Y 1 , Y 2 , …,Y N ) are two set of data, by drawing the couples (X i , Y i ) in a Cartesian diagram, a so-called dispersion diagram is obtained. In such a diagram, if it is possible to identify a curve that approximates the drawn data, the curve is said interpolating curve.
The problem consists on the choice of the curve and on the calculus of its parameters. The simplest curve is the straight line. In formulas, the interpolating straight line may be written as:
The equation (7) estimates the variable Y on the basis of the value of the variable X, the line is said regression curve of Y on X. In order to find a good approximation, the coefficients a 0 , a 1 can be chosen so to minimize the sum of the square of the distance between each point (X i , Y i ) and the line obtaining the least square straight line. The least square minimization may be also utilized with other kinds of curves.
When more than two variables are involved, a similar approach can be utilized; for example among three variables X, Y and Z a linear regression gives a plane:
and the use of more complicated regression surfaces can be investigated. A measure of the fitting goodness of the data on the considered curve is given by the correlation coefficient and by the standard error. The correlation coefficient value can vary in the range -1 and +1; if the value is zero there is not any linear correlation between the two variables X and Y.
It is common, expecially when data come from measurement, the presence of outliers. In such a case the traditional LSR can be affected by inaccuracy.
Robust regression is a form of regression analysis devised to overcome some limitations of traditional regression methods.
The application of the robust regression method for the PV model parameters identification is performed within Matlab® environment. In particular the embedded robustfit function is used to obtain the regression straight line coefficients estimates.
The robustfit function uses an iteratively re-weighted least squares algorithm, with the weights at each iteration calculated by applying the bisquare function to the residuals from the previous iteration. This algorithm gives lower weight to points that do not fit well. The results are less sensitive to outliers in the data as compared with ordinary LSR [20] [21] [22] .
The thermal model
In [16] the photovoltaic modules temperature was obtained versus solar radiation through a linear LSR. This approach was based on the consideration that the dispersion diagram of T versus G exhibited a linear trend.
Several thermal models have been proposed in literature with the aim to obtain the module's temperature versus solar irradiation, air temperature and wind speed. The simplest is described in [13] in which the temperature has a linear dependence on irradiance, air temperature and wind speed as in eq. (9).
Where T mod is the temperature of the module in °C, T amb is the environmental temperature in °C, G is the solar irradiation in Watt/m 2 and W is the wind speed in m/s. In (9) a 1 ≈1, it means that T mod ≈ T amb with no solar radiation and wind.
In [13] a more complicated model is proposed according to eq (10): ) ( ) (
In [17] and [18] , in order to take into account the site dependent influences and anemometer installations different from standard meteorological practice, a non linear relationship is used. This tuning is achieved through two coefficients (a, b) which can be determined analyzing data recorded after system installation.
where T mod(bs) = Back-surface module temperature, (°C). a = Empirically-determined coefficient establishing the upper limit for module temperature at low wind speeds and high solar irradiance; b = Empirically-determined coefficient establishing the rate at which module temperature drops as wind speed increases.
The back surface temperature can be related with the module temperature assuming an one-dimensional thermal heat conduction through the module materials behind the cell (encapsulant and polymer layers for flatplate modules, ceramic dielectric and aluminum heat sink for concentrator modules) as in (12) , (12) in which ∆T is temperature difference between the cell and the module back surface at an irradiance level of 1000 W/m 2 . This temperature difference ranges typically from 2 to 3 °C for flat-plate modules in an open-rack mount. For flat-plate modules with a thermally insulated back surface, this temperature difference can be assumed to be zero. For concentrator modules, this temperature difference is typically determined between the cell and the root of a finned heat exchanger (heat sink) on the back of the module. Several values of ∆T used to predict module back surface temperature as a function of irradiance, ambient temperature, and wind speed are reported in [18] .
Despite of non linearity, in (11) the a and b coefficients, could be achieved through a LSR; as a matter of fact (11) can be rewritten as: (13) A linear regression can be performed to fit the data providing the coefficients (a, b) for the thermal model.
In [18] several couples of (a, b) are provided too. Moreover, it should be noted that (11) can be rewritten as: (14) where c 1 =exp(a) and c 2 = -c 1 ·b. This last expression is equivalent to (10) when b 3 <<b 2 and b 6 <<b 5 .
Electric constant identification
The electric dynamic behaviour of a PV module can be represented by an equivalent capacitance parallel connected to the output of the "one diode model" as shown in fig 2 [17] . 
Thermal constant identification
In section 4 thermal models have been discussed. All the described models do not take into account the temperature time variation. However a comprehensive analysis must consider thermal dynamic too. The change of the temperature is well described by a first order system [17] so the temperature variation can be expressed as: (16) where T ss is the steady state temperature and τ th is the thermal time constant. Also in this case on the base of a suitable measured thermal transient, a linear regression allows to identify τ th .
Discussion and Experimental Validation
The following analyses have been performed on a test rig which is composed of a set of two p-Si PV modules with the same following reference values: P N =5 W p , V OC =21,6 V, I SC =0.43 A, V mp =17,2 V, I mp =0.39 mA at standard test conditions AM1.5 1000W/m 2 , 25 °C. The modules are mounted on a frame which is tilted at 50°, facing South, and they are connected to an electronic board which allows to switch among different values of load resistors (24 Ω, 47,5 Ω, 3260 Ω and no load) to test the corresponding operating points.
The four parameters (V OC , I SC , V mp , I mp ) of the modules are known for values of the solar radiation G in the range 640÷870 W/m 2 .
A. Module temperature estimation
A measurement campaign was performed from the beginning of June to the end of August. The following parameters were sampled hourly: module temperature, air temperature, solar radiation and wind speed. Each vector contains 2160 samples. In figure 3 the difference between the module temperature and the air temperature is drawn versus the solar radiation and wind speed. It should be noted that these data are distributed around a plane. It is reasonable to perform a LSR in order to obtain the module temperature versus solar radiation, wind speed and air temperature according to the equation:
The LSR gives the following coefficients: α 1 =0.0224, α 2 =-0.7027, α 3 =1.0078
The corresponding interpolating plane is drawn in fig.  4 superimposed on the sampled data.
The a and b coefficients of the (11) could be obtained through a linear regression on (13) , however in this case a preprocessing of data it is necessary in order to eliminate the values that correspond to T amb ≈ T mod and G ≈ 0 that introduce singularities. 5 shows the quantity log((T mod -T air )/G) versus the wind speed with the interpolating line y=a+bx superimposed. It should be noted that the a coefficient is coherent with [18] and experimental data but the b coefficient suffers of a poor data preprocessing. 
B. Equivalent capacitance evaluation
By means of an Agilent MSO6104A 4 Gsamples/s scope, the waveforms of load voltage and load current have been acquired during the transient from the open circuit point (R LOAD →∞) to the maximum power point (R LOAD =47,5 Ω). The test has been carried out at noon in a clear day, in order to work with a constant value of the solar radiation. A pyranometer Kipp&Zonen CM6b, installed with the same tilt as the modules, has given a value of G=738 W/m 2 , at which the characteristic parameters of the modules are: V OC =18,4 V, I SC =0.29 A, V mp =13,5 V, I mp =0.26 A. By substituting these values in the set of equations (4), the four parameters of the model described by equation (3) fig. 6a suggests that the first order equivalent circuit of figure 2 is not suitable to model the behaviour of the system; instead, a series inductor, mainly due to the connecting cables, should be added before the load resistor, as shown in figure 7 . The absence of the inductor in the model implies that the load voltage would be equal to the module voltage, and that would lead to an absurd: when the module voltage decreases from V OC to its final value V(∞), the load current would decrease from V OC /R LOAD to its final value I(∞)=V(∞)/R LOAD instead of increasing from zero to I(∞), and also the load voltage would have this erroneous decreasing trend. Hence only adding an inductor the transient of fig. 6b is correctly reproduced.
The waveform of figure 6a, just as in any RLC circuit, can be considered as the sum of a constant and two curves which are not true exponentials because of the nonlinearity of the PV generator.
However the initial parts of these curves are very close to exponentials, since during this time interval the module voltage falls to a value which is not so different from the open circuit voltage and the operating point moves in a portion of the characteristic which is nearly linear. In addition, the effects of the inductor (front edge of the signal, fig 6b) and of the capacitor (trailing tail of the waveform) are cleary distinct, since the two time constants τ L =(L/R LOAD ) and τ C =R LOAD ·C are more than one order of magnitude different, as the final results will show. This allows to say that the front edge is given by the inductive exponential alone and that just a part of the trailing tail which starts a bit after the peak has a capacitive exponential trend, being the subsequent part distorted because of the nonlinearity.
If the PV source were linear the load current would be given by the following formula: ) ( ) ( The (20) can be rearranged so to put in evidence:
where:
The previous considerations allow the identification of the parameters L and C by means of a linear regression of the natural logarithm of suitable portions of the load current or voltage. The load current is a preferred choice since, being equal to the inductor current, it is a state variable.
If the peak time is referred to as t * and ∆t corresponds to a convenient portion of waveform after the peak, despite the nonlinearity it is possible to say that: where ε is a suitable non zero quantity and I LOAD is the actual load current. Therefore, in order to identify the inductance value, it is possible to apply LSR to the logarithm of the (21a) rewritten as: The opposite of the angular coefficient will give the inverse of the time constant and the capacity will be given by C= τ C /R LOAD . Using the acquired data shown in figure 6a , the value C=130.6 nF has been found.
Figures 8a and 8b show respectively parts of the front edge and of the trailing tail of the waveform, plotted on semilog graphs, with their regression lines superimposed. In fig. 9 the sampled transient and the curve obtained by solving (16) , where τ is obtained through LSR, are shown. The estimation is less accurate in the first part of the transient due to the use of the temperature derivative. 
Conclusions
In this paper an improvement of a previously set up PV source model is proposed, with the parameters identification based on a robust LSR method. The module temperature is obtained versus solar radiation and wind speed. The electrical and thermal costants are identified.
An overview of the methods presented in the literature is reported and the difficulties which arise by using experimental data are highlighted with reference to a practical case study.
